Introduction 1
In most organisms DNA bases are adorned with a variety of chemical modifications. Amongst the 2 most common of these is methylation at the 5 position of cytosine (C5me), which is present from 3 bacteria to humans (Ponger and Li, 2005; Casadesús and Low, 2006; Jurkowski and Jeltsch, 2011). 4 In eukaryotes, a key property of cytosine DNA methylation is its ability to act epigenetically -that is, 5 once introduced, methylation at specific cytosines can remain in place through cell division (Holliday 6 et al., 1987; Holliday, 2006) . This relies on the activity of "maintenance" methyltransferases, DNMT1 7 in animals (Law and Jacobsen, 2010) , which recognise CG dinucleotides (CpG sites) where one 8 strand is methylated and one strand unmethylated and catalyse the introduction of methylation on the 9 unmethylated strand (Jeltsch, 2006) . Meanwhile "de novo" methyltransferases act on unmethylated 1 0 DNA. In animals this role is performed by DNMT3 enzymes, which introduce 5meC predominantly 1 1 within CpG sites (Jeltsch, 2006) . Mechanisms also exist to remove methylation from DNA, including 1 2 the TET family of enzymes, which convert 5meC to a hydroxymethylated intermediate which can be 1 3 removed by base excision repair or diluted out through cell division (Nashun, Hill and Hajkova, 2015) . As the maintenance and de novo methylation of CG sequences occurs through the activity of 1 5 homologous enzymes in plants and animals (Ponger and Li, 2005) , CpG methylation was likely 1 6 present among the earliest eukaryotic organisms. In mammals, a key function of CpG methylation is to defend the genome against transposable 1 8 elements (TEs) by preventing their transcription and transposition (Bird, 2002) , and loss of DNA 1 9 methylation leads to reactivation of TEs (Walsh, Chaillet and Bestor, 1998) . CpG methylation targeted b the proportion falling into the highly 1 is sufficient to explain gene body methylation.
2 Nucleosome positioning influences DNA methylation levels across arthropods 3 In order to investigate molecular mechanisms that might be responsible for influencing DNA 4 methylation we examined how the correlation in methylation between pairs of CpGs varied with 5 increasing separation. In many species with exon-enriched methylation the correlation coefficient 6 between methylation levels of individual CpGs oscillated periodically ( Figure 6A,B ). Fourier analysis 7 showed that the period of oscillation was ~160 nucleotides, roughly corresponding to the average 8 nucleosome repeat length ( Figure 6A,B ; Figure S6 -1). We quantified this nucleosome-length 9 periodicity within exons across all species. While the majority of species with exonic methylation 1 0 displayed a nucleosome periodicity signal, its magnitude varied greatly -for example H. melpomene 1 1 has gene methylation but less apparent periodicity ( Figure 6B ). Interestingly a clear signal of 1 2 periodicity was also seen for TE methylation in S. maritima and P. citri, both of which have high levels 1 3 of TE methylation ( Figure S6-1 ).
4
We wondered whether the periodicity in correlation between methylated DNA might reflect an 1 5
influence of nucleosome positioning on DNA methylation, as has been shown in plants (Chodavarapu genome-wide nucleosome positioning data for the majority of species, we investigated nucleosome 1 8 positioning from Drosophila (Ho et al., 2014) , examining orthologues of genes either enriched or 1 5
Genome annotation 1 To annotate exons in each genome we used existing annotations, excluding genes that were split 2 across multiple contigs. To annotate regions which may contain promoters or enhancers, we took 3 1,000 bases upstream of each gene, excluding genes where this exceeded the contig start or end 4 point. We annotated introns based on the position of exons, excluding genes that were split across 5 multiple contigs (using intron_finder.py protocol (see Supplementary Table 1 for detailed sample metadata and sequence accession codes).
7
We sequenced these libraries on an Illumina HiSeq 2500 instrument to generate 100bp paired-end 2 8 1 6
reads. We used pre-existing whole-genome bisulphite sequencing datasets for P. hawaiensis 1 (SRR3618947, (Kao et al., 2016) ) and A. mellifera (SRR1790690, (Galbraith et al., 2015) ). Before mapping reads to the genome, we trimmed sequencing adapters from each read, and then 1 1 trimmed 10 bases from the 5' and 3' end of each read (using the script divided by the total number of reads covering the cytosine, excluding sites covered by fewer than 10 1 7 reads on each strand. Due to the large number of contigs in their genome assemblies exceeding the 1 8 memory limit for MethylExtract, we split the genomes of I. scapularis, L. polyphemus and P. intervals for the mean methylation of genes and TEs within each species using 1000 nonparametric 2 7
bootstrap replicates (i.e. genes or TEs were resampled with replacement 1000 times to generate an 2 8 empirical distribution of the mean). To infer the ancestral levels of genome-wide methylation across 29 species of arthropods with newly-2 produced or publicly-available methylation data (Figure 1 ), we obtained a time-scaled species tree 3 from TimeTree (www.timetree.org, accessed 12.03.2019). We then used a maximum-likelihood 4 approach to infer the genome-wide methylation level at all internal nodes of this tree based on the 5 levels at the tips, using the fastAnc function within phytools (Revell, 2012) .
6
To infer the ancestral levels of gene-body and TE methylation for the 14 focal species, we constructed al., 2012) to infer branch lengths. We specified a strict molecular clock, gamma-distributed rate 1 3 variation, no invariant sites, and a birth-death speciation process. We fixed the topology and set prior an existing phylogenetic analysis of arthropods (Misof et al., 2014) . We ran the analysis for 10 million credibility tree. We then used a maximum-likelihood approach to infer the gene-body and TE 2 0 methylation levels (separately) at all internal nodes of this tree, using the fastAnc function within 2 1 phytools (Revell, 2012).
2
To test whether genome-wide methylation levels differ between species with and without ALKB2, we 2 3
fitted a phylogenetic mixed model using MCMCglmm (Hadfield, 2010) . To account for phylogenetic 2 4 non-independence caused by sampling species with different levels of relatedness, we used the 2 5
branch lengths of the time-scaled (ultrametric) species tree (see above) to calculate a genetic 2 6 distance matrix, and included this in the model as a random factor. We ran the analysis for 6 million 2 7 iterations, with a burn-in of 1 million iterations and thinning of 500 generations. To investigate the link between DNA methylation and transcription, we used RNA-Seq data generated 3 previously for arthropod somatic tissue (NCBI PRJNA386859, (Lewis et al., 2018) and the I. To test whether variation in tissue-specific expression differs between highly-and lowly-methylated germline.
1 7
Periodic correlation in methylation levels
1 8
To obtain an estimate of how the correlation between the methylation levels of sites varied with 1 9
distance between the sites, we collected all pairs of sites separated by d nucleotides where d could 2 0 vary between 3 and 500 nucleotides within the same exon. For each separate d we then computed the end of the series to increase the resolution of the algorithm. The total intensity of the components 2 7
between 140 and 200 base pairs was calculated to give the nucleosome periodicity for each species. reads are CAGE-supported transcription start sites (CTSSs) and the number of tags for each CTSS 1 9 reflects expression levels. Raw tags were normalised using a referent power-law distribution and 2 0 expressed as normalized tags per million (TPMs). Biological replicates were highly correlated (r 2 = 2 1 0.99) and were therefore merged prior to downstream analyses using standard Bioconductor 2 2 packages (http://www.bioconductor.org/) and custom scripts.
3
CTSSs were clustered together into tag clusters, a single functional transcriptional unit, using 2 4
distance-based clustering, with the maximum distance allowed between adjacent CTSSs being 20 bp.
5
For each tag cluster, the interquantile width was calculated as the distance between CTSSs at the Collins, R. Kilner, A. Pinharanda and ( Accession of each sample that was newly-sequenced in this study. 
